Over the past decades, the aviation sector has seen an unprecedented technology advancement as well as rise in global air traffic. In this paper, we establish a two-stage model, combining an epidemic diffusion model and a regression analysis to analyze and predict the diffusion process of modern commercial aviation aircraft models before they are launched into the market. For the estimation of the first-stage epidemic diffusion model, a total of 19,768 delivery records covering 52 widely used aircraft models are used and a non-linear least squares method is applied. For the second-stage regression analysis, we collect aircraft specific technical parameters including range, maximum take-off weight and emissions. We find that, at present, pollutant emissions are not of key significance in determining the success of market diffusion of aircraft models, while conventional parameters, such as range, takeoff weight, and bypass ratio of the engine, are comparably more significant. In terms of projection into the future, our model is relatively good at predicting the rate of diffusion but less so at predicting the market size. This naturally points to further research avenues in terms of the prediction of market potentials.
Introduction
Air transportation plays an important role in enabling global mobility. Between the years 1990 and 2014, global scheduled flights increased by 80%. Meanwhile, emissions of carbon dioxide also increased by about 80%, and the nitrogen oxides emissions doubled (EASA, 2016) . The projections into the future show that, from 2014 to 2035, global scheduled flights are likely to see a 45% further growth while emissions could increase by 43% (EASA, 2016) . As a result, the considerable existing impact of air transportation emission on atmospheric climate change (Berntsen and Fuglestvedt, 2008 ) is likely to face an even more staggering growth. As a response to both increasing air traffic demand and environmental concerns, various aircraft innovations are under way to enable sustainable growth in aviation. It is therefore paramount to study how past aircraft models have been adopted and have diffused into the market, which would in turn advise the design and the diffusion forecast of newer aircrafts as well as the estimation of their potential emission impact.
Numerous previous studies on technology diffusion have been conducted. A significant proportion of such studies focus on adopter behaviors, and attempt to find the reasons and the characteristics that drive heterogeneous entities in different environments to adopt a certain new technology at different rates. Regarding the diffusion processes of products, various modifications have been proposed since the seminal paper by Bass (1969) , for instance with a modified functional form using the Gompertz distribution (Martino, 1972) , or to include multiple generations of products (Mahajan and Muller, 1996; Norton and Bass, 1987) . However, while the studies on adopter behaviors have deepened our understanding regarding the diffusion rate heterogeneity on the consumer side, they usually focus on single-product diffusion and, therefore, often remain silent about the reasons behind the difference in the diffusion rates between different products. Similarly, while the class of epidemic diffusion models, including the Bass model, can typically explain the diffusion process of existing products quite well by using historical data, the prediction of new product diffusion is usually done via guessing by analogy, or by using survey data from potential consumers on intentions (Bass et al., 2001) . This interest usually stems from a lack of historical sales data for generating meaningful parameter estimates for the Bass model. As Massiani and Gohs (2015) note, the estimates of diffusion parameters vary greatly for various types of cars, which is why an analogy approach leaves much to be desired. A more recent general approach for pre-launch new product diffusion prediction is proposed by Lee et al. (2014) , in which several statistical and machine learning methods are examined. In their approach, expert judgment is required to estimate parameters such as the 'degree of newness' or the 'necessity of repurchase' of the new product.
In this paper, our goal is to examine the historical diffusion process of fixed-wing aircraft in the world market. More specifically,we aim to answer the questions: Which characteristics of an aircraft enable it to diffuse faster and which are associated with slower diffusion processes? In addition, we aim to develop a model that allows pre-launch prediction of new aircraft model diffusion. We employ a two-staged approach combining regression analysis with the Bass Model (Bass, 1969) applied to global data and estimated by using non-linear least squares (NLS). We build upon previous studies on diffusion modeling as well as the more recent approach by Lee et al. (2014) , and establish a model that depicts the relation between aircraft model characteristics and their respective diffusion patterns, which can then be applied to new aircraft models with known product-level parameters in order to predict their future diffusion.
The remainder of this paper is arranged in the following way. In section 2, we present an overview of the related literature on aggregate diffusion models, such as the Bass model, pre-launch diffusion model methods and selected relevant literature for our own modeling approach. Section 3 introduces our model specifications, explains the methodology used, and pins down the estimation approach adopted. Section 4 describes the dataset for the empirical analysis. Section 5 reports on the results and substantiates some of the findings. Finally, section 6 concludes and provides some avenues for further research.
Literature Review
Starting from the pioneering work on innovation and new product diffusion by Fourt and Woodlock (1960) , Mansfield (1961) , and Bass (1969) , the topic has gathered considerable interest for both theoretical and empirical researchers. Three main elements influence the diffusion process: the characteristics of the new products, the social and market systems (including the actors in such systems) into which the new products are diffused, and the time frame of the diffusion process (Rogers, 2003) .
These three elements have consequently been examined in detail in the literature. A majority of studies focuses on the social and market systems, the individuals in this system as well as their interactions. A rich set of empirical research examines historical innovation adoption behaviors and aims to find the characteristics that drive heterogeneous actors to adopt a certain new technology 3 at different rates. Such individuals could be aggregated to different levels, e.g. countries (Caselli and Coleman, 2001) , industries and firms (Greve and Seidel, 2015; Mansfield, 1961) , or households (Islam, 2014) . Various aggregate models are also derived based on the social interaction between these actors and aim to create a representation of the system in which new products are adopted.
This includes the external influence model first proposed by Fourt and Woodlock (1960) , in which a constant proportion of potential adopters adopts in each time period, the internal influence model which reflects the interaction between prior adopters and potential adopts, and the mixed influence model by Bass (1969) . Meade and Islam (2006) provide an excellent review of a myriad of alternative diffusion models. A more recent approach employs agent-based modeling (ABM) using computer simulations (Macal and North, 2005; Bonabeau, 2002; Palmer, Sorda, and Madlener, 2015; . These models incorporate individual decision-making processes of each actor in the system, detailed interaction patterns between actors as well as various system-wide parameters, such as the interest rate or government policy parameters. The diffusion process is then derived from simulation results.
In contrast, the study of characteristics of the new products is limited. Some work has been done regarding successive generation of a product (Norton and Bass, 1987) . Even so, the focus is mostly put on the different needs and behaviors of repeaters and adopters. In other analyses, one or a few product-level pieces of information are included. These, however, usually serve as controlling factors or as a proxy for the performance of rival products (Greve and Seidel, 2015) . A more recent study by Lee et al. (2014) focuses on pre-launch diffusion and product-level information using the Bass model and several machine-learning methods. Nevertheless, in their approach, the product-level information is again collected from relatively general expert judgment rather than technically quantifiable parameters. As a result, this approach requires more effort in its application and is more prone to subjective judgment and thus biases compared to modeling methods that require only product-specific technical parameters.
The existing literature on innovation and new product pre-launch diffusion relies heavily on expert judgment and not so much on objective parameters. This could potentially lead to a lack of objectivity, difficulty with implementation, and systematic biases that are sometimes associated with opinions or judgment, albeit stemming from experts. As such, based on insights gathered from previous studies, we aim to establish a two-staged model combining the aggregate Bass diffusion model with regression analysis to analyze the impact of product-specific information and that focuses on the social and the market system of diffusion as well as on the more objective technical parameters of the new product.
In addition, although the existing literature on diffusion modeling covers a wide range of products such as consumer electronics (CD players, VCR players, fax machine, cellular phones) (Talukdar, Sudhir, and Ainslie, 2002) , conventional and electric cars (Massiani and Gohs, 2015) , renewable energies (Lee and Huh, 2017) , very few diffusion studies have been conducted regarding the diffusion of aircraft models, and specifically airlines' choice of aircraft purchase. Given the rapid growth of global air traffic, the increase in emission associated with it, and the substantial effort invested into new technology development, it is essential to investigate the diffusion behavior in the aviation sector.
In our study, we also consult previous work in the aviation sector. Husemann, Schäfer, and Stumpf (2018) sent surveys to airline managers in order to find out more about their preferences regarding aircraft characteristics. Greve and Seidel (2015) examine the diffusion pattern of two rival aircraft models and how the diffusion process is influenced by competition. Kar (2010) explores the diffusion of carbon dioxide emission mitigating measures in the aviation sector using system dynamics. We build upon these studies and examine quantitatively the parameters that are significant in adoption behavior using an aggregate diffusion model and regression analysis.
Model Specification and Methodology
In order to characterize the diffusion process and take into consideration the heterogeneity between different aircraft vehicles, we follow a two-stage approach combining the Bass model used as the first stage and regression analysis in the second stage. Figure 1 presents the model setup. We choose the Bass model for the first stage because it provides a good fit to our data available at hand, namely the historical sales data, and in order to preserve generality. Hall (2004) points out that the mixed information models, which include the Bass model, are used most widely due to their larger generality.
Section 3.1 further elaborates on the first-stage process.
In the second stage, the regression analysis, aircraft-model-specific characteristics that are known pre-launch, such as range, maximum take-off weight (MTOW), fuel efficiency, noise level, and emission level, are included. These parameters, represented by X in the equation, are selected as they are deemed to be important in the purchase decision of airliners (Husemann, Schäfer, and Stumpf, 2018) .
Certain other parameters, such as maintenance cost, or number and severity of accidents, may also play a significant role in the diffusion of aircrafts. However, these statistics are usually unknown, very 5 vaguely known before launch, or dependent on airline idiosyncrasies, and are thus not included in this study. Section 3.2 provides more information regarding the second-stage process. 
First-Stage Data Processing
In the first stage, raw historical sales and delivery data, i.e. records of airplanes delivered from manufacturers to airlines or other customers, are processed using the Bass model (Bass, 1969) in order to generate aircraft-model-specific coefficients that depict the diffusion process.
For the aggregated epidemic diffusion model, the general form can be expressed by the following differential equation:
where A(t) is the cumulative adoption, i.e. cumulative delivery of an aircraft model up until time 6 period t. M represents the total market potential, which is the ceiling of total deliveries, and g(t) is a function that describes the diffusion rate. This equation states that the number of adoptions per period is a function of the remaining potential adopters and the rate of diffusion.
As the Bass model represents a mixed information model (Kijek, 2010) for single adoption (the number of adoptions is equal to the number of adopters), in which innovation is spread in two ways:
via imitators endogenously adopting through word-of-mouth and via innovators exogenously adopting; the rate of diffusion function g(t) takes on the specific form:
where p and q are the Bass innovation and imitation coefficients, respectively. The imitation coefficient q represents the process of endogenous diffusion that occurs from the interaction between existing adopters and potential adopters. This process is therefore also influenced by the proportion of existing adopters in the population. The innovation coefficient p represents the influence of external sources, e.g. marketing, government policies on adoption, and it assumes that this external source, and thus the rate of diffusion, are constant throughout the process.
Combing the Bass rate of diffusion function and the general form, we obtain the following equation:
Solving the above equation yields the following closed-form solution:
which is also shown for the first stage in Figure 1 . This is the equation that describes the accumulative adoption at each time period t, depicted by the graph for the first stage in Figure 1 .
Four main methods can be used for the estimation of the parameters p, q, and M in the above equation: ordinary least squares (OLS), maximum likelihood estimation (MLE), non-linear least squares (NLS), and algebraic estimation. We chose to apply the NLS method for the following reasons.
Firstly, despite the relative ease of implementation provided by the OLS method, the results can be 7 unstable or with the wrong signs when only few historical data points are available, and time-interval bias can exist (Kijek, 2010) . Secondly, for MLE, computation is expensive due to the lack of explicit formula (Kijek, 2010) . As such, NLS is proposed to overcome some of the shortcomings of OLS and MLE (Srinivasan and Mason, 1986) . Lastly, algebraic estimation requires knowledge of the time of the inflection point of the diffusion curve, which we do not want to assume in our study a priori in order to preserve generality. For a detailed explanation of the above methods, see Weiss (2014) and (Kijek, 2010) .
Second-Stage Regression
While the innovation and imitation coefficients p and q can be considered as time-invariant, as Massiani and Gohs (2015) noted, they vary greatly even between similar products (e.g. different types of cars). Therefore, in the second stage, we use regression analysis to examine how the rate of diffusion varies with different aircraft model parameters. To do so, we estimate the following equations:
where X is the matrix of regressors that include various aircraft model parameters such as MTOW, range or bypass ratio. For a set of aircraft configurations, a set of regression coefficients β can be estimated based on eqs. (5) and (6), with ε p and ε q being the residual from the regression.
We maintain that in our interpretation of the regression results, a causal relationship between the above regressors and the diffusion parameters can be established. The aforementioned product-level parameters are fixed before any aircraft is delivered and has diffused into the market. The entry-intoservice date marks the start of the diffusion and therefore is not influenced by the speed of diffusion.
As such, one can rule out the possibility of reverse causality. There could be a risk of omitted variable bias, especially since that price information is not used in this model. However, based on the study by Husemann, Schäfer, and Stumpf (2018) , where airlines indicated the aircraft model parameters they prioritize in their decision to purchase, we hold that omitted variable bias is not a major concern here. 8
Diffusion Curve Estimation for New Aircraft Models
Predictions of future diffusion processes for similar technologies can then be formed based on aircraft configuration parameters using eqs. (4) to (6). Optimistic and pessimistic diffusion scenarios can also be constructed based on the range of estimated β values.
Data
Data for 52 aircraft models were collected for this study, with the first aircraft launch dating back to Table 1 . It is worth noting that price data for each aircraft are not included, as price data is generally agreed privately between manufacturers and buying airlines, and may vary significantly from the online listed price data. As such, it is omitted to ensure authenticity. However, if such data become available, they can also be easily incorporated into our model.
Range
The range for an aircraft varies with payload. For instance, Figure 2 shows the payload range diagram of a Boeing 737-300. In our analysis, due to the limited access to data and in order to ensure general comparability across all models, we use the design range given by manufacturers. There could be minor discrepancies in terms of measurement and definition of design range. They are, however, tolerated in this study. 
Maximum Take-Off Weight (MTOW)
Commonly, aircraft manufacturers report the number of passengers (PAX) of a particular aircraft. This is also the parameter of concern for most airliners, since the revenues are generated from payload and not from the total weight. Nonetheless, in this study, we chose to focus on MTOW for a number of reasons. Firstly, the number of passengers could vary due to different seating arrangements. Although a typical seating arrangement is used in some reports, there could still be discrepancies between different manufacturers and different aircraft models (e.g. the typical seating arrangement varies for aircrafts of different seat and range classes). Secondly, MTOW is reported by the aforementioned sources for all aircraft models considered in this dataset, whereas PAX is not. As such, to ensure overall comparability, MTOW is used instead of PAX.
Pollutant Emissions
In terms of pollutant emissions, hydrocarbon, carbon monoxide (CO) and nitrogen oxides (NO x ) are included in this study. The reasons behind this are three fold. First of all, these three parameters contribute significantly to air pollution and phosphoric climate change, and are therefore of great concern. Secondly, these are the main emissions apart from carbon dioxide that are generated per flight. Lastly, because of their importance, they are also measured and reported by the authority and are thus available. It is worth noting that while NO x , CO, and hydrocarbons are influenced by the amount of fuel consumed and by the aerodynamics of the aircraft design, data for specific aircraft are only available to us in terms of the respective engine type used. This is denoted for instance as "CO Dp/Foo (g/kN) average" (ICAO, 2018) . On the other hand, carbon dioxide emissions, also highly correlated to the amount of fuel consumed, is not reported here because of a lack of data for specific aircraft models. To resolve this issue, we use the so-called Bypass Ratio as an indicator for carbon dioxide emissions (see the following section on Bypass Ratio).
Entry-into-Service Date (EIS)
EIS date for each aircraft model is the year that the first airplane from this aircraft model is delivered to the customer's fleet and entered into service, i.e. flight operation. The parameter is named as Date in the regression analysis. This parameter is included here in order to account for the possibility that the diffusion rate may change over time. For instance, during the early years in aviation, the existing fleet size was small, and the available aircraft model choices were limited, while the demand was burgeoning, which might lead to a strong demand for airplanes and thus a faster diffusion process when new aircraft models are introduced.
Bypass Ratio
The Bypass Ratio is a measure that broadly indicates how energy-efficient the engine is. Generally, the higher the Bypass Ratio, the more fuel-efficient the engine is. Commercially, high bypass dominates the aircraft design in civil aviation. It is therefore used here as a proxy measure for fuel efficiency of an aircraft model. Ideally, a more direct and precise measure of fuel efficiency should be used, which also takes into account the aerodynamics of the aircraft design and other design features. This is, however, limited by the availability of data.
Results and Analysis

First-Stage Data Processing
In the first stage of our analysis, historical sales data of each aircraft model are processed to obtain the Bass model parameters p, q and M which describe the diffusion process for each aircraft model.
A summary of the estimation results is shown in Table 2 . The statistics reported here are: the mean, the standard deviation (std), the minimum (min), the 25, 50, and 75 percentiles, and the maximum (max) values of all estimated parameters, respectively. The diffusion curve for each aircraft model constructed from its individually estimated p, q and M is also plotted against each aircraft model's actual historical sales data in Figure 3 , with the x-axis showing the number of time period (months) after diffusion starts and the y-axis showing the number of airplanes adopted globally.
From Table 2 , we see that the average rate of innovation, p at 0.00639, is much slower than the average speed of imitation, q at 0.048115 (see Table 2 , row 2), which is consistent with the general observation in the literature. Moreover, the market size M of 1078 is also consistent with the industry delivery records of aircraft sold. One valuable takeaway result from this analysis would be the average values of p, q, and M (Table 2, row 2), which can be used as a simplified 'rule of thumb' in the industry for forecasting new aircraft model diffusion. Similarly, the diffusion curves predicted by p, q, and M in Figure 3 also fit the historical data very well.
However, within each parameter, we did observe a high degree of variation, for instance the standard deviations for p, q, and M are relatively large (Table 2, row 3) . Similarly, the values for the 25, 50, and 75 percentiles of each parameter p, q, and M also differs greatly e.g. the 75 percentile value for p at 0.008645 (Table 2, row 7, column 1) is almost 10 times larger than the 25 percentile value at 0.000875 (Table 2 , row 5, column 1). This suggests that the values of p, q and M for a single aircraft model could differ greatly from another aircraft model. This result substantiates the need for a deeper analysis in our second stage regarding the estimation of individual p, q, and M values, rather than simply using the value of a different model by analogy principle used in prediction.
It is also worth taking a closer look at the estimated market size M. We see that the mean value of M at 1078 (Table 2 , row 2, column 4) is actually even much larger than the 75 percentile value of M at 556. This could be an indication that among all commercially successful aircraft models, there exist a few extremely successful ones with significantly larger market potentials than all the other aircraft models, hence pulling up the average value of M substantially. These few extremely well sold aircraft models should be highly relevant for researchers, aircraft manufacturers and policy makers. 
Second-Stage Regression Analysis
In the second stage, we use the estimated diffusion coefficients p and q and the market potential M of each aircraft model from the first stage as dependent variables and regress them on a set of regressors, which represent certain pre-launch aircraft model-specific technical parameters (e.g. range, MTOW, see eqs. (5) and (6)). The aim is to see how p, q and M are correlated with these technical parameters and if we could use such correlations to predict future diffusion patterns of new products whose technical parameters are known pre-launch. An overview of the descriptive statistics of the 52 aircraft models' technical parameters used in the model are shown in Table 3 . indicator for engine fuel efficiency has a positive coefficient for p, indicating fuel efficiency consciousness in adoption behavior. Lastly, the negative coefficient of Date suggests slower diffusion through the innovation channel represented by p for more recent aircraft models. This could be due to the fact that the fleet has been built up already, and that further needs of airplanes are only for replacement and further expansion which are both rather gradual processes. Note that the parameters for pollutant emission are not featured here because they are removed in the regressor selection process due to weak correlations with the dependent variable p.
For the rate of imitation coefficient q, only the BypassRatio is significant. Again, the positive coefficient value here could be an indicator of fuel efficiency consciousness in adopting decisions. Note that similar to the regression of p, emission variables i.e. hydrocarbon, CO, and NO x are insignificant.
This lack of correlation between emission parameters and the rate of diffusion may suggest the need for policy actions to increase the weight given to emission in the adoption behavior. In addition, the relatively high level of the goodness of fit, indicated by the high R-squared value (R2, last row in Table 4 ) implies that the prediction of q using technical parameters is feasible.
For the market potential M, the 5% significant negative coefficient of BypassRatio suggests that higher fuel efficiency is correlated with lower market size, which is puzzling. One explanation could be that the aircrafts with higher bypass ratios are generally the newer models that have only recently entered the market, whose market size estimate are relatively unstable. Moreover, the regression coefficients for CO and hydrocarbon shows conflicting signs. One explanation is that hydrocarbon, as a major contributor to smog, is taken more into consideration during the adoption decision, hence negatively affecting M, whereas CO, a very weak direct greenhouse gas, is not so. This observation again calls for action to increase the weight of emission performance in the aircraft adoption decision and to internalize the environmental impact of flying. Lastly, the goodness-of-fit indicated by the R-squared value is relatively low, which can be observed later in Figures 4 and 5 . This reveals a need for further research on the market potentials of the aircraft models investigated.
One obvious limitation of our research is data availability. First of all, our dataset is relatively small, since it only contains 50 different aircraft models. However, these 50 models cover a total of 19,768 airplanes delivered and the majority of the commercially successful aircraft models, i.e. those with more than 30 deliveries each. Globally, a total of 43,000 commercial airplanes, excluding freighters, have been delivered so far by all major manufacturers (Boeing, 2019) . The lack of data, however, is not unusual in many such applications where substitute products or product variants are limited. Secondly, because each airline may choose to negotiate for customization of their purchased aircraft, the product-level data are not fully representative of each product. This analysis is thus the best possible given the data available. Figure 4 is constructed from the predicted p, q, and M using regression results in the second-stage and technical data of each aircraft model. Figure 5 , however, uses the actual total number of deliveries found in historical sales data, while p and q values are the same as in Figure 4 . The y-axis shows the total number of planes adopted for each aircraft model while the x-axis shows time period, i.e. months after the diffusion process starts.
We observe that our prediction results in Figure 4 are very weak, i.e. the deviation from actual historical data is rather large. In some cases, for instance, aircraft model 320-231 or 340-642, the predicted market size M is even negative, which is clearly problematic. However, the predictions are much closer to actual data when we only use regression analysis to predict p and q, while incorporating the actual M from delivery data for each aircraft model in Figure 5 . Using the example from before to illustrate this, we see that the prediction of the diffusion curves for aircraft model 320-231 or 340-642 are very close to the actual historical delivery data. This suggests that our method is more suitable for predicting p and q, and less so for M. Consequently, this naturally points to further research in the area of market potential prediction, which might also come from exogenous sources (e.g. expert judgment, survey, or clustering with similar products). 
Conclusion
In this study, we aim to explore how different aircraft models are diffused into the market. In doing so, we collected daily delivery data of 52 major aircraft models, which was transformed into monthly data for the analysis. We also collected corresponding technical data of these aircraft models, including
Range, MT OW , BypassRatio, CO, Hydrocarbon, and NO x . Entry-into-service date for each aircraft model is calculated from the delivery data. A two-stage analysis combining the Bass model as the first stage and an OLS regression analysis as the second stage is used. In the first stage, we use the monthly delivery data to calculated the Bass model parameters p, q, and M for each aircraft model.
We observe that the Bass model provides a very high goodness-of-fit level. In addition, the average parameter values of p, q, and M can be used as a 'rule of thumb' in the industry for a quick estimate of new aircraft diffusion. However, we also find that the estimates for each parameter varies greatly for different aircraft models, which necessitate for the second-stage analysis to further explore how p, q, and M vary with the technical characteristics of the aircraft model. Our second-stage results yield a better understanding with regard to how different aircraft models are adopted and, therefore, can inform and guide policymakers and other decision makers in the design and development of newer and more sustainable aircraft technologies. Our analysis shows that despite much heated discussion on the environmental impact of aviation, emissions such as CO and hydrocarbon are still of minor influence only in the adoption process. However, the bypass ratio as a measure of fuel efficiency as well as of carbon dioxide emission is of great concern, likely due to the cost pressure in the highly competitive airline business. Our attempt at market diffusion prediction by using product-level data and historical sales data shows mixed results. Our method produces relatively good estimates of the Bass parameters p and q; however, more research is needed for the prediction of market potential M.
